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Abstract: Big Data has changed how enterprises and people manage knowledge and make decisions.
However, when talking about Big Data, so many times there are different definitions about what it is
and what it is used for, as there are many interpretations and disagreements. For these reasons, we
have reviewed the literature to compile and provide a possible solution to the existing discrepancies
between the terms Data Analysis, Data Mining, Knowledge Discovery in Databases, and Big Data.
In addition, we have gathered the patterns used in Data Mining, the different phases of Knowledge
Discovery in Databases, and some definitions of Big Data according to some important companies
and organisations. Moreover, Big Data has challenges that sometimes are the same as its own
characteristics. These characteristics are known as the Vs. Nonetheless, depending on the author,
these Vs can be more or less, from 3 to 5, or even 7. Furthermore, the 4Vs or 5Vs are not the same
every time. Therefore, in this survey, we reviewed the literature to explain how many Vs have been
detected and explained according to different existing problems. In addition, we detected 7Vs, three
of which had subtypes.

Keywords: Big Data; survey; challenges; Data Mining; KDD; Vs

1. Introduction

Over the last few years, certain things have changed in knowledge management.
Now, more than ever, there are more readable, obtainable and useful data for people and
companies. Companies are collecting more data than they know how to deal with [1].
Therefore, new knowledge and new technologies are needed to collect, store, process and
display such a huge amount of data and take advantage of them [1]. In other words,
thanks to these large amounts of data, companies can measure and know more about
their businesses and thus use this knowledge in decision-making and in improving the
performance of the company, its productivity, its competitiveness, its processes and its
innovation [1–4].

One of the problems of most modern XXI century businesses is that they ignore
relevant data because the vast majority of these businesses can electronically access piles
of data, such as transactions made, the state of the assembly line, or customer data [5].
Thus, the accessibility and abundance of this information has made Data Mining a matter
of importance and necessity [6].

In 1992, W. J. Frawley, G. Piatetsky-Shapiro and C. J. Matheus estimated that the
amount of data stored in existing databases would double every twenty months, or even
faster, considering that both the size and number of databases would increase [7]. However,
the current situation has seen a flood of data from different media and formats, which has
managed to overcome the capacity for processing, analysing, storing and understanding
these datasets [8].

Thus, one question arises: Is the current amount of data bigger before? The world
is currently experiencing a data revolution, or, in other words, a flood of data, as a large
amount of data flows every minute through the network from different sources using
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different channels because we are in the digital age [9]. There is so much data in the world
that the situation is overwhelming, as the amount of data is constantly growing and there is
no end in sight [10]. In 2012, humans created around 2.5 quintillion bytes of data every day,
meaning that 90% of existing data had been created in the last two years [11]. In addition,
it is estimated that in 2024, we will generate 149 zettabytes every day [12]. This means that
new tools are needed in knowledge management. Tools that are able to work with many
different types of data in a fast, simple and effective way.

On the one hand, companies are trying to analyse all these data in search of trends
that help them figure out what the customer thinks about the company or what they need
or want. Examples of this are those shown by Hadoop on its official website [13] because
in it we can find Facebook with its system of suggestions of friends and ads or LinkedIn
with its system of suggestions of contacts and companies. Other companies dedicated to
ads, such as Google [14] or Double Click, analyse all the cookies received to see which
sites the customer frequents and thus show ads based on their browsing habits. Similar
cases include those involving audience measurement services, such as Nielsen and Gartner
or Strands and Amazon recommendation systems. Other times, as the McKinsey report
rightly points out [15], if Big Data were used by different entities to produce money, as is the
case with the medical services of the United States of America, they could obtain 300 billion
dollars. In the European Union, 250 billion dollars of its public administration, retailers
increase by 60% of the margin of operations or even produce a surplus of 600 billion dollars
annually from the geolocation of people.

Thus, an important issue is to improve the ability to manage, understand and act
on this huge amount of data in order to increase the understanding of the technologies
that are needed to manipulate and mine such amounts of information and thus apply this
knowledge to other fields, such as health, education, energy and defence [16]. Decades
ago, companies had already used information from related databases to make predictions
using data analysis, Data Mining and Knowledge Discovery in Databases (KDD) are often
referred to as traditional techniques that provided rigorous decision-making techniques [1].
Other times, it may only be necessary to perform data analysis, or maybe we want to look
for patterns within these to make predictions using Data Mining. However, many times,
what each of them is and when they have to be applied, or even when they are named Big
Data, can be confused. In addition, within KDD, there are different phases to perform, but
not all authors perform the same. Therefore, what these techniques are, their differences,
how they work, for which they are applied, their applications and a possible sequence of
phases for KDD are explained in Section 2.

Due to the huge amount of growing information appearing and the properties of the
datasets, this data is no longer manageable by traditional methodologies, techniques and
tools [8,17]. Thus, Big Data tools and techniques make it possible to manage different mass
datasets and apply traditional techniques to this data. These data differ from traditional
ones in that they have some characteristics that also coincide with some of their challenges.
These properties are the ‘Vs’, although the number and the ones included may vary
according to the author. The study of the ‘Vs’ is presented in Section 3, which contains the
methodology, the articles detected by the database and the type of article and the results
and discussion about these.

After this study, we detected a total of 16 different ‘Vs’, with 10 ‘Vs’ being the maximum
used by one author. However, after the study, we proposed a total of 7 important ‘Vs’
according to those most used by the different authors. Notwithstanding, some of them
even have subdivisions. These are volume, velocity, variety, veracity, variability, value
and visualisation. Section 4 explains these ‘7Vs’, considering different authors and their
characteristics and challenges.

Finally, this survey concludes in Section 5 with conclusions and possible future work.
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2. Data Mining versus KDD versus Big Data

There is some controversy when it refers to Data Mining and Big Data. In addition,
when looking back in time, there are other terms that are included when talking about all
these, such as Knowledge Discovery in Databases (KDD) and data analysis.

On the one hand, we have the problem of Data Mining being misunderstood with
KDD, as some authors consider it the same [18–20], while others clearly show, based on
references from different authors, that KDD is a complete process and Data Mining a step
within the KDD process [6,21,22], but without explaining the differences between the two
and giving only vague nuances.

On the other hand, we have the authors for whom Big Data and Data Mining are the
same, or to be even more confused, they add the term data analysis. However, both terms
are different, and despite having things in common and sometimes using the same tools,
their purposes are different. One of the first examples of confusion here is that between
data analysis and Data Mining [18].

Thus, even if it is said that both are the same or that Data Mining is currently known
as Big Data due to the large amount of data that must be handled quickly [23], they are
half-truths. Others, however, say that Big Data is scalable Data Mining [24]. Neverthe-
less, this requires the use of specific tools that hold and support the processing of large
volumes of data. Notwithstanding, the datasets that Big Data works with have a number of
characteristics that are known as the ‘7Vs’ of Big Data.

In the following subsections, it will be defined exactly what data analysis and Data
Mining are, as well as their differences, some details in data mining patterns and explana-
tions about the classification of their methods. The next section will explain what KDD is
and what phases it is made up of. Finally, in the last subsection, the term Big Data, with
different definitions of both companies and academics, will be discussed so that an exact
definition of what Big Data is exactly will be provided.

2.1. Data Mining

The search for patterns within data is known by many different names, such as
knowledge extraction, information discovery, information gathering, data processing and
Data Mining [21,25]. The last term is the most commonly used by statisticians, database
researchers, information system managers and in business [21], as well as in informatics.

This term was coined by statisticians in the 1960s to refer to the bad practice, in
their opinion and with some negative connotation, of analysing data without an initial
hypothesis [25]. This coincides when computers were introduced to obtain data patterns
from a sample of a total population [21,26]. They named this process “data dredging” or
“data fishing” [21,23,25,26]. Meanwhile, the term currently used, Data Mining, appeared in
the 1990s in the database community [25].

Data Mining is a subfield of computer science that touches many parts of computing,
such as database management, artificial intelligence, machine learning, pattern recognition
and data visualisation [19].

Data Mining seeks to create an automated analysis of large and complex datasets [19].
These sets can range from databases to sky maps, weather information, satellite information,
industrial control processes, and many more [19].

Data mining is based on the extraction of previously unknown data, but which can
be potentially useful due to the information they can provide to try to obtain patterns,
also known as models [21,23], and relationships that may be generalised to make future
predictions or make important decisions [6,10,19,27]. However, many of these patterns
obtained will be banal and uninteresting; others are false or possess accidental coincidences
within a dataset. In the event that these patterns are meaningful, they may allow for
non-trivial predictions of new data [10]. Therefore, the purpose of Data Mining is to search
for and analyse large amounts of data to discover useful patterns or relationships that serve
to predict the future [18].
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The goals of using Data Mining algorithms are, according to Lynn Greiner [18],
the following:

• Apply clustering to group data into groups of similar elements.
• Search for an explanatory or predictive pattern for a target attribute in terms of

other attributes.
• Search for frequent patterns and sub-patterns.
• Search for trends, deviations and interesting correlations between attributes.

Examples of the use of Data Mining can be found, for instance, in applications that try
to predict things, such as weather or climate change, based on data describing past events
to create a model that serves to predict possible future events that have the same pattern.
Other examples of its application are in economics [10], or to obtain genetic information
and anticipate existing diseases and treatments [28]. All Data Mining applications focus on
obtaining interpretations of the data because they are looking for trends and correlations
rather than testing a hypothesis [18].

2.1.1. Data Analysis versus Data Mining

Sometimes, there is confusion between the terms “data analysis” and “Data Min-
ing” [18]. Data analysis analyses existing data and applies statistical and visualisation
methods to test hypotheses about the data to discover exceptions. Meanwhile, Data Mining
looks for trends within the data that can be used for further analysis. Therefore, Data
Mining is able to provide new knowledge, which are the patterns, totally independent of
preconceived ideas, that is, hypotheses.

According to Greiner [18], data analysis can be seen as the collection of methods for
drawing inferences from data, thus extracting global information that is generally the
property of the analysed data.

On the other hand, Data Mining can be defined according to the definition given
by Lynn Greiner [18], and which was used by Microsoft when describing its Big Data
architecture for the National Institute of Standards and Technology (NIST) survey of the
United States of America [29]. Thus, according to them, the definition is: “Data Mining
is the process of extracting data and its subsequent analysis from many dimensions or
perspectives to produce a summary of the information in a useful way that identifies
relationships within the data. There are two types of data mining: the descriptive one,
which gives us information about the existing data, and the predictive one, which makes
forecasts based on the data”.

2.1.2. Patterns in Data Mining

Patterns, also known as models, that are obtained by applying Data Mining are
achieved by using different machine learning techniques [5,10,23], statistics and artificial
intelligence applied on sample datasets to reduce these sets to small understandable
patterns [5].

Decision trees and association rules are often the basis for Data Mining [18]. However,
other machine learning methods, such as artificial neural networks (ANN), are also used.
Even though ANNs have been successfully applied, they often take a long time to generate
patterns that are sometimes not understandable, and that is why they are not used very
frequently [18]. Other types of algorithms that are often used are very important, as
scanning techniques in data analysis are clustering algorithms, because at first there is no
knowledge about the possible distributions existing in the data [18].

The patterns obtained can be of two types. These can be incomprehensible black
boxes or transparent boxes that show the structure of the mentioned pattern, known
as structural patterns. However, both possibilities are equally good. The difference in
structural patterns is that these extracted patterns are represented in a structure that can be
examined, reasoned and used to inform future decisions. Hence, its name, since they allow
the data to be explained based on the pattern structure [10].
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2.1.3. Classification in the Methods of Data Mining

According to Lior Rokach and Oded Maimom, Data Mining methods can be classified
according to the taxonomy shown in [6], which shows that there are two possible types. The
first is verification, which is used to verify a hypothesis. For this reason, it is less associated
with Data Mining, as Data Mining focuses on the selection of a hypothesis.

The second type is discovery, which is used to obtain new pattern rules from a dataset.
Within the methods of discovery, there are two branches [6,18], the first one being descriptive
methods that focus on the comprehension of how data operate to create reports. The second
branch is predictive methods, which contain those methods that aim to construct a behaviour
pattern to obtain new samples to predict the values of one or more related variables in the
sample. Predictive methods sometimes also help to understand data [30]. The latter can be
differentiated into regression and classification methods.

In regression, we learn a function that classifies an element according to continuous
variables to obtain a prediction or forecast [26,31]. Examples of regression are studies to
determine the smoking mortality rate, the amount of biomass present in a forest, the
probability of survival of a patient after a series of diagnostic tests or the prediction of
demand for a product.

Meanwhile, classification methods learn a function that classifies an element into
several defined classes [32]. A very relevant use of such methods is in image classification.
This method is where many types of artificial intelligence algorithms are found, such
as Artificial Neural Networks, Bayesian networks, Decision Trees, and Support Vector
Machine (SVM) [33].

2.1.4. Data Mining Applications

Big Data needs machine learning techniques to deal correctly with the flooding of
existing data and thus analyse these data to understand them, but it also provides what
is necessary to evolve and improve the current Artificial Intelligence. This was already
announced in 1990 [7] and is reflected today in the use of different techniques [30]. In recent
years, many companies such as Yahoo! and Google have made great advances in AI thanks
to the use of Big Data. AI requires large amounts of data to be trained, thus it can learn,
so that they can create good quality models, either to create artificial intelligences, such
as Cortana, Google Now, or Siri, translation text engines or linguistic models for natural
language processors. This is why we could use in Big Data any of the algorithms or uses
explained here; it depends on the quantity of data.

Data Mining has different types of algorithms specialising in different types of works.
First, we have classification in which we can use different algorithms, such as Bayesian
Networks, Decision Trees, Super Vector Machines, and ANN.

In the literature, we find some examples of Bayesian Networks for doing classification.
The first uses are to detect anomalies and faults. Wang et al. [34] developed a Feature Weight
Mixed Hidden Naïve Bayesian Network to improve performance and effectiveness in
monitoring anomalies based on continuous variables of large-scale processes in comparison
with a Mixed Hidden Naïve Bayesian Network in the practical case of Zhoushan thermal
power plant in China. He et al. [35] used Naïve Bayes classifier to obtain a fault diagnosis
to detect and classify analogue circuit faults better than previously published works.
Zhen Xue et al. [36] has proposed a Naïve Bayes classifier to use on Field-Programmable
Gate Array and obtain a better real-time efficiency than other Bayesian classifiers and
Convolutional Neural Networks (CNN) accelerators.

Other times are used to classify text, as in Sanchís et al. [37], where the authors have
used Naïve Bayes to classify the confidence estimation in Speech Recognition and then
detect words that may have been misrecognised. Shirakawa et al. [38] use Naïve Bayes to
detect noisy text, which means text with meaningless or misleading terms from their main
topic. Kustanto et al. [39] use a Naïve Bayes classifier to detect the positive or negative
sentiment of the population about the healthcare application of the Indonesian government.



Big Data Cogn. Comput. 2022, 6, 158 6 of 29

Other examples of Bayesian Networks are in the food industry to create a Naïve Bayes
classifier to discriminate cacao nibs from six varieties of cacao clones [40], or in the combat
against COVID-19 [41,42].

Other algorithms used to classify are Decision Trees. One of the possible uses is in
healthcare to predict the admission in the Intensive Care Unit (ICU) of hospital of patients
with COVID-19 at the point of admission to the hospital, trying to have a very good use of
resources in those places [43]. Ghane et al. [44] use them to diagnose Parkinson’s disease,
Elhazmi et al. [45] for predicting mortality in critically ill adults with COVID-19 in the
ICU, Hiranuma et al. [46] for assessing the effectiveness of treatment in intra-abdominal
infections using cefmetazole, and in disease diagnosis, such as genomics or cancer, as
explained in [47]. Other uses are in security [48] or in high efficiency video coding [49].

In the case of Super Vector Machines, we can find examples in the literature of use
for classification and regression [50,51]. Astuti et al. [52] use SVM and Random Forest
separately to classify raw chicken with E. coli and without it using gas sensors. Another
case is using One-Class Super Vector Machines (OCSVM) to detect industrial anomalies in
an effective way and obtain better anomaly detection performance [53]. In healthcare, SVM
is used on medical diagnostics due to its high classification accuracy and to provide online
diagnostics [50]. For instance, Bernardini et al. [54] use Sparse Balanced Support Vector
Machines (SB-SVM) for diagnosing type 2 diabetes.

Other researchers try to improve the use of SVM by comparing it with other novel
algorithms, such as in [51,55], because the complexity of SVM is very large to work with
large datasets [51,55].

ANN have different uses. One of them is to use it to classify images. Azgomi et al. [56]
use ANN to detect fruit diseases by using their pictures, saving time to farmers in the
eye diagnosis part, and classifying them into bitter rot, black rot, scab and healthy fruits.
Zhu et al. [57] use them to match images in the context of remote sensing. Qin et al. [58]
use ANN to reconstruct high quality cardiac images taken using magnetic resonance.
Wu et al. [59] apply ANN to detect breast cancer. On the other hand, other researchers
have used ANN to distinguish between a liver with cancer and non-cancer lesions using
CT images [60].

Ulloa-Cazarez et al. [61] use different types of ANN and compared them all to obtain
the better one to predict student performance and give new strategies for making decisions.
Ibragimov et al. [62] use ANN to predict the post-treatment of Stereotactic Body Radiation
Therapy in the liver and identify critical-to-spare liver regions using 3D images, obtaining
better results than SVM and Random Forest. Other uses of ANN are security to detect a
good or bad connection [63].

Other uses of these algorithms are when they are mixed. For instance, the next paper
shows how they combined Naïve Bayes and SVM to propose a better algorithm to detect
network intrusions and improve security [64,65].

In other cases, we can find that some researchers have mixed Bayesian Networks
and Decision Trees. In [66] used them to predict the delay transferring a patient from the
ambulance to the hospital in Canada and trying to be proactive to avoid the Ambulance
Offload Delay.

On the other hand, regression is a technique used to obtain a prediction or forecast. It
is used in a variety of different studies. They used it to predict high-voltage switchgears
based on the contact temperature and forecast the long-term temperature [67]. In addi-
tion, it is used to improve Speech Emotion Recognition according to real applications [68].
Sometimes, it is necessary to merge it with other algorithms, such as K-Nearest Neighbour
(KNN), to improve the results. In this case [69], the authors extracted the features using
linear regression and used KNN to detect latent defects and process variations in transis-
tors. Another merge is between regression, Convolutional Neural Network (CNN), and
Recurrent Neural Network (RNN) to forecast wind speed in short-terms [70].

To obtain descriptions, one of the methods is clustering. As with the previous tech-
niques, they have different algorithms.



Big Data Cogn. Comput. 2022, 6, 158 7 of 29

One of these is K-means. Abbas et al. [71] used K-means and K-medoids in the medical
field using data from a hospital about births. Rong et al. [72] presents a novel algorithm
based on K-means to have a better performance and improve the text clustering of different
types of news.

Other researchers have proposed new algorithms. For instance, Jeong et al. [73]
proposed a new algorithm to perform clustering and apply it to detect complex contagion
in networks. [74] proposed the Z-Clust algorithm and applied it to improve the discovery
of new drugs.

More research with clustering is needed to create groups with data. Tian et al. [75]
use this technique to obtain separate cells on groups under different biological conditions.
Krishnaveni et al. [76] used it to classify aerosols that can be found in a rural area, using
Fuzzy C-means and obtaining three clusters. In [77], apply clustering to categorise packets
from unknown Internet traffic and improve security and save resources.

Other times, it is used to traffic. For instance, to cluster maritime traffic to discover
high risk or density in different traffic scenarios and improve maritime traffic surveillance,
designing new designs and new strategies in an easier way [78]. Another example is to
improve the communication systems of High-Speed Railway, where clustering is used to
obtain the specific characteristics of this case [79].

As a previous example, this algorithm can be mixed, such as Feigin et al. [80], have
done mixing Generative Adversarial Networks (Gans) with Clustering and offering a frame-
work and testing it with three datasets of images of animals, vehicles and human faces.

2.2. Knowledge Discovery in Databases

The term Knowledge Discovery in Databases (KDD) was coined by Gregory Piatetsky-
Shapiro in a 1989 workshop [81], as explained in [26] and stated by the author himself
in [25]. In addition, it was confirmed after having carried out a check by performing
several studies in previous years in different search engines of scientific journals, where the
previous existence of this term was not found. The purpose of this term was to emphasise
that knowledge is the final product of data-driven discovery [26].

Knowledge Discovery in Databases or KDD is the automatic identification process
valid, novel and potentially usable of pattern understanding in large databases [26,30]. This
process must be automatic due to the large amount of data that can be collected and that
humans can already barely digest but that machines can facilitate. This is the purpose of
KDD: trying to address the problem of data overload [26].

As what happens with Data Mining, KDD is the interaction of different fields, includ-
ing databases, machine learning, pattern recognition, statistics, artificial intelligence, expert
systems, data visualisation and high-performance computing [21,26].

KDD has been used in a wide variety of applications in different types of
databases [7,26,82]. These are, for example, in medicine for the discovery of side effects of
drugs or genetic sequence analysis, in finance for the prediction of bankruptcies and stock,
in agriculture for the classification of diseases, in the social field for voting prediction, in
marketing for the identification of subgroups and purchasing patterns, in insurance com-
panies for fraud detection, in engineering to create expert automotive diagnostic systems,
to estimate work, at the Hubble telescope, in performing a sky mapping, in the search for
volcanoes on Venus, in biosequence databases, for earth geophysics in the inference of
earthquakes and in the analysis of atmospheric data, among many other examples.

2.2.1. The Term KDD

As mentioned above, there is confusion between what KDD is and what Data Mining
is, as some people affirm they are the same. Therefore, different definitions are collected
below to state exactly what KDD is and its differences with Data Mining.

According to Usama Fayyad, Gregory Piatetsky-Shapiro, and Padhraic Smyth, KDD
is described as [21,83]: “The non-trivial process of identifying patterns in valid, new,
potentially useful, and ultimately understandable data”. In another article by these same



Big Data Cogn. Comput. 2022, 6, 158 8 of 29

authors, they clearly specify that KDD refers to the entire process of discovering knowledge
from data, while Data Mining is a step in this process, exactly the step in which algorithms
are specified to extract patterns from the data [26].

On the other hand, W. J. Frawley, G. Piatetsky-Shapiro and C. J. Matheus add that KDD
is the non-trivial extraction of potentially useful and previously unknown information
from data [7].

Therefore, care must be taken not to confuse it with Data Mining, as Data Mining is
one of the central steps of KDD; it is exactly the application of algorithms to obtain patterns
or models, while KDD is the whole process of discovery [6,21,84].

Then, it can be said that Knowledge Discovery in Databases or KDD is the whole
process of non-trivial and automatic obtaining of information and patterns of a dataset,
which includes all the necessary phases for it, and which has as its cornerstone Data Mining
in order to find valid, new, useful and ultimately understandable patterns. The phases
of KDD are the analysis of the problem, data processing, Data Mining application to find
patterns, pattern evaluation and pattern unfolding.

2.2.2. Phases of KDD

KDD consists of several phases or methods, depending on the author. These phases
are what differentiate KDD from Data Mining, as they are both pre- and post-application
phases of Data Mining. These phases serve to ensure that knowledge is derived from
data, as the patterns discovered in Data Mining are sometimes banal because they are
meaningless or invalid [26].

L. Rokach and O. Maimom [6] presented a hybrid method of KDD, based on other
authors and consisting of 8 phases. Basically, what the authors of this method did was
merge phases 3 and 4 of other methods to make all the data pre-processing in a single phase
as opposed to 9-phase methods [26]. Here, we added more information and clarifications to
the phases according to the different articles and used as a base the presented by L. Rokach
and O. Maimom [6]. The KDD phases are as follows:

1. Development of the understanding of the application domain, relevant background
knowledge and end-user objectives [6]. It must be relevant and provide a financial
benefit [7].

2. Selection of a dataset or subset of data on which the study is to be carried out [6].
This set must have a desirable number of samples and the number of incomplete data
or data with noise must be very small [7].

3. Data pre-processing: It has three steps [6].

a. Reduction of the dimension through the selection of functions and the taking
of useful samples for the intended purpose, which offers a reduction in the
number of variables to be considered [26].

b. Cleaning of data to eliminate noise generated by different data types, extreme
values, and missing values due to default or non-compulsory values [7].

c. Transformation of data to extract its attributes by discretisation. Discretisation
occurs when specific data types are required for an algorithm to work prop-
erly [85]. What is done is the division of a continuous (numerical) type attribute
into at least two subsets [86].

4. Choose the right task or Data Mining method. They can be classification, regression,
clustering or summarisation [6].

5. Choose the Data Mining algorithm by selecting the specific method to be used for
pattern searching [6]. A data mining algorithm is nothing more than a set of heuristic
calculations and rules that allow a model to be created from data [31]. For example,
artificial neural networks, support vector machines, Bayesian networks, decision trees
or different clustering or regression algorithms. This phase is difficult as different
algorithms can be used to perform the same work but each will give a different
output [31].

6. Use the chosen Data Mining algorithm [6].
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7. Evaluation and interpretation of the extracted patterns. This may mean having to
iterate again between the previous phases. In addition, this pattern may involve
viewing the extracted patterns or data [26].

8. Display the pattern found in another dataset for use and testing, and/or documen-
tation of the pattern [6].

2.2.3. KDD Applications

The main part of KDD is the use of Data Mining algorithms, but according to the
different phases of KDD to check that the whole process has been done correctly according
to this process. Then, we could use it for any of the applications explained in Section 2.1.4.
Here, we show some explicit uses of KDD. In addition, in this work, they use different Data
Mining algorithms, but apply different phases of KDD. However, sometimes they do not
explain which phases.

For instance, Vučetić et al. [87] proposed a novel data mining algorithm to mine knowl-
edge from real-world datasets and detect relationships between the data. Oliveira et al. [88]
use the KDD process to make decisions to reduce harmonic distortions. Chen et al. [89]
create a tutorial on KDD for movie recommendation, analysing the rating of millions
of movies, obtaining that senior people are censored less than young people. Molina-
Coronado et al. [90] can be found a survey about the use of KDD in Intrusion Detection
Methods in information systems.

Sanchez et al. [91] apply this methodology to design and implement a tool for mood
detection about the suggestions of new songs according to the music playlist and genre.
They used ANN. Kam et al. [92] suggest the use of KDD in the Internet of Things (IoT) [93]
and Industry 4.0, also known as Industrial Internet of Things, to integrate and apply data
mining to the heterogeneity and unstructured data that they produced. Rosa et al. [94]
apply it to analyse data on the satisfaction of students with the quality of the different
services that are offered in a private high school using Binary Logistic Regression, Linear
Programming mathematical model, and Fisher’s Discriminant Linear Function (FDLF).

Table 1 shows a comparison of the KDD phases used in these articles. In all of them,
we can suppose that they did the first one because they are research articles. In these cases,
we use the mark ‘?’. We can find that Vučetić et al. [87] and Chen et al. [89] do not explain
them explicitly, and Rosa et al. [94] explains briefly two phases used in the article.

Table 1. Comparison between the KDD phases used in the articles.

1 2 3 Pre-Processing Data Mining 7 8

Domain
Selection/

Data
Collection

Data
Reduction Cleaning Transformation 4

Method
5

Algorithm 6 Use
Interpretation

and
Evaluation

Another
Dataset

[87] ?
[88] ? X X X X X X X
[89] ?
[90] ? X X X X X X X X ?
[91] ? X X X X X
[92] ? X X X X X
[94] ? X X

On the other hand, Oliveira et al. [88] use almost all steps, but the Data Mining steps
are done just as one and stepping over the method phase, which can be deduced from
the algorithm used, and do not try with other different datasets, just with other types
of algorithms.

In [90] uses five phases. However, they called the second step Data Collection, sep-
arated the pre-processing (cleaning and other features) and data reduction, put together
under Data Mining (techniques, algorithms and use), and finalises with the interpretation
and evaluation. Additionally, they used different datasets, but they did not include them in
their phases.
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In [91] explains it in five phases, but use more. However, they separated pre-processing
(just for cleaning) from transformation and reduction (called data normalisation). In Data
Mining they group 2 phases (Method and Algorithm). After that, they use the pattern and
evaluate and interpret it. Notwithstanding, they do not test or explain the use of the pattern
well with other datasets and do not include this in their phases.

Kam et al. [92] uses five phases without giving many details about the pre-processing
or data mining part or the use of other datasets.

2.3. Big Data

The term Big Data first emerged in 1997 in a series of unpublished non-academic
slides from Silicon Graphics (SGI) by John Mashey entitled “Big Data and the Next Wave
of InfraStress” [95]. However, Big Data had already been discussed in 1984, but not in the
context as it is known today. On the other hand, in the academic and publishable field, the
first book in which this term was named was a 1998 data mining book [96]. All of this is
according to the history of the term investigated by Francis Diebold in [97]. Sometimes
Big Data is also called Data-Intensive Computing [14,98], or Big Data is referred to as the
fourth paradigm [98,99].

Big Data is a term that is increasingly used to describe the process of seriously applying
computational power to massively large, highly complex, heterogeneous and growing
datasets that have multiple sources [8,100,101], which were therefore not manageable with
the methodologies and tools used for Data Mining [8], which in 2009 already gave enough
problems for data capture [98]. The analysis of this data with Big Data tools can lead to
much stronger conclusions for Data Mining applications, although there have been many
difficulties in its use [96]. Therefore, the purpose of Big Data is to answer different questions
to get early answers or predictions about the future [102].

One of the problems of Big Data is the lack of consensus in its definition or the different
definitions or opinions given by people [103]. This has been collected in an article that
gathers the opinions of 40 relevant people [104], where it explains that many times, to define
Big Data references are made to the ‘3Vs’, while others refer to the tools used. Other times,
there is confusion with Data Mining, because there are people, among which companies
and researchers stand out, who affirm it is the same.

As can be seen, the term Big Data is very corrupt due to the lack of an exact definition
and the different ambiguous definitions that different groups have given it, among which
the academy and industry stand out [105]. Therefore, in the following subchapters, we will
define the meaning of “big”, and we will see the different definitions given by companies
and the scientific community about which Big Data is.

2.3.1. Definitions of Companies and Academics

Many companies and researchers got into Big Data, and thus they created different
articles signed by that company to establish what it is Big Data for them from their point of
view and to talk about it.

One of these companies was Oracle in 2013 [2]. According to Oracle, Big Data en-
compasses traditional data from relational databases, data generated by machines such as
sensors and logs, and social data, including social networks and different existing blogs.
In addition, it considers that there are ’4Vs’ that Big Data must comply with, which are
volume, velocity, variety and value. Thus, Oracle defines Big Data as a diverse dataset
that is obtained and analysed thanks to the use of specific tools and that helps to improve
different aspects of companies, ranging from internal processes to the prediction of relevant
data. As can be seen, they used the word “Big” to define the size of the data, the importance,
and the influence of these.

Intel also gave its own definition, and for them, Big Data is the quantities of large,
complex or unstructured data, which can be collected and analysed using emerging tech-
nologies such as Hadoop and MapReduce, in order to obtain significant knowledge [106].
For Intel, it only refers to the size of the data.
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Gartner was another company that did its own article on Big Data [107,108]. In
this article, they explain that Big Data is a term used to support the exponential growth,
availability and use of current information to lead company decisions. However, these can
be bad decisions that interfere with the company’s architecture. In addition, they note that
some managers focus only on the volume of data when it turns out that they must also look
at velocity and variety, that is, the ’3Vs’. For this, according to Gartner, “innovative forms
of information processing are needed that allow for improved vision, decision making
and process automation”. For Gartner, the real challenge is to obtain patterns that can
help companies make better decisions using innovative technologies. As seen, Gartner’s
definition speaks of ’3Vs’ and explains how the purpose of Big Data is to obtain patterns
that help companies make decisions.

A special case was that of Microsoft, where they wrote an article about it, taking the
perspective of different important workers within the Redmond company. According to the
perspective of different workers or staff related to Microsoft [101], it could be summarised
in that Big Data is the process of managing and working with massive amounts of digitised
data that require high computing capacity to obtain useful information in order to make
decisions quickly and efficiently using algorithms of artificial intelligence. Here, ’Big’ refers
to the massive amount of data and the importance of these.

IDC, a market analysis firm, dedicated a report to Big Data [109]. This report highlights
the importance of analysing data to generate value by correctly extracting information from
the digital universe. The problem is that data are growing exponentially and encapsulated
in many different types of files. To this end, they argue that this is now possible thanks
to the convergence of technologies. In addition, they also highlight that Big Data is not
something new and that it is not a ’thing’, but a dynamic or activity that crosses many
computer borders. Its definition is as follows: ’Big Data technologies describe a new
generation of technologies and architectures designed to economically extract value from
very large and widely varied data volumes, allowing a high capacity for capture, discovery
and/or analysis’. As seen in this definition and the rest of the article, they take into account
’3V’, volume, variety and velocity. In addition, they focus mainly on new technologies that
allow compliance with these ’3V’. However, it refers only to data analysis and not to what
would be mining, which is to discover trends or, rather, prediction.

On the other hand, we have the NIST, which gives several definitions, all of which
depend on the point of view from which it was taken. The first one has to do with the
architecture and scalability of these to deal with data: ’Big Data consists of large data sets,
with the characteristics of volume, variety, velocity and/or variability that require a scalable
architecture for efficient storage, manipulation and analysis’ [102]. According to this
definition, Big Data refers to the inability of traditional data architectures to work with new
datasets that require meeting the “4V” characteristics, which according to NIST are volume,
variety, velocity and variability [110]. On the other hand, the other definition focuses
on scalability and places Big Data as the heart of horizontal scaling, where everything is
distributed among several computers and expanded with the addition of new equipment,
against the vertical, where the internal capacity of a computer to improve performance is
increased [102]: “The Big Data paradigm consists of the distribution of data systems using
a horizontal, resource-independent scaling to achieve the scalability necessary for efficient
processing of large data sets”. Thus, in these definitions, they treat the word “Big” as large
in volume and in need of computation.

Thus, NIST argues that Big Data is a term used to describe the large volumes of data
in the connected, digitised, sensor-loaded and information-driven world [102] having this
data overwhelmed by the traditional analysis approaches, known as Data Mining, and
maintaining a data growth so fast that they manage to leave behind scientific and techno-
logical advances in this area. Big Data allows managing and treating these heterogeneous
volumes, which do not necessarily have to be large or larger than formerly, but may be
due to the required processing speed or efficiency required when processing a volume of
data and which is not provided by traditional tools and methods. However, it must be



Big Data Cogn. Comput. 2022, 6, 158 12 of 29

borne in mind, as they well maintain with their definitions, that this term has been used to
describe many concepts because there are different aspects interacting with each other and
depending on the point of view in which it is looked at and where it is used.

Another definition was given by Jonathan Stuart Ward and Adam Barker [105], who
conducted a study on the different definitions existing in the network that were given by dif-
ferent companies. The definition is as follows: “Big data is a term that describes the storage
and analysis of large or complex datasets using a number of techniques that include, but
are not limited to, Not Only SQL databases (NoSQL), MapReduce and Machine Learning”.

The definition given by Wei Fan and Albert Bifet about Big Data is based on the ability
to extract useful information from large datasets that, due to their volume, variety and
velocity, whether static or streaming, it was not possible to be extracted before [8]. As
can be seen, they consider “3V” and not only cling to the large amount of data, but to the
variety and velocity, that is, efficiency. In addition, they consider it, similar to others, the
evolution of ancient techniques, where KDD and Data Mining were encompassed.

On the other hand, the definition of Emmanuel Letouzé states that Big Data are the
tools and methodologies that aim to transform massive amounts of raw data, both struc-
tured and unstructured, which are difficult to process with traditional software techniques
in data for analytical purposes [9].

Other authors state that Data Mining is currently known as Big Data due to the large
amount of data that must be handled quickly and that in order to deal with applications of
this type, a new type of applications have been developed, which offer parallelism to work
with these large amounts of data in a cluster of computers connected by Ethernet cables or
switches, thus avoiding the use of supercomputers [23]. As can be seen, in this definition,
they make it clear that Big Data is the evolution, as it is the architecture used.

On the other hand, the authors of [103] also studied this lack of definition and con-
trasted the different definitions found. Thus, in broad terms, they understand by Big Data
the datasets that cannot be perceived, acquired, managed, and processed by traditional
software and hardware computer tools within an acceptable time. Thus, this definition
refers to traditional tools, something that is true but does not clarify the function or purpose
that Big Data has, something that is quite important.

Instead, in this other survey [22], they define Big Data as “the ability to obtain private
information about consumer preferences and products by crossing it with information
from tweets, blogs, product evaluations and social media data opening a wide range of
possibilities for organisations to understand their customers and predict what they want
and demand, and optimise the use of resource”. Following this, this definition only reflects
the part of companies looking for information from their customers based on a few sites,
when it turns out that Big Data is much more and allows not only to analyse information,
but also trends of any kind, as it is applicable to everything, including astronomy, physics,
defence and security, and any kind of data, such as images and video.

Based on everything seen so far, a possible definition of Big Data based on these
definitions and according to what it does and the expected result of its use could be: Big
Data is the useful search for information in datasets of any kind that is hardly feasible
using traditional methodologies, techniques and tools due to the characteristics of the data
to be analysed and that are known as “V”, which are volume, velocity, variety, veracity,
variability, value and visualisation, in order to obtain results that allow to analyse data,
take current trends, optimise the use of resources and/or predict the future, in a fast and
efficient manner.

2.3.2. Big Data Applications

As shown before, Big Data needs new methodologies, techniques, and tools due to the
characteristics of the data needed for a specific work. In this subsection, we show different
Big Data works and the corresponding match with the ‘Vs’ presented in this survey.

Mohammadi et al. [111] explains the use of Machine Learning to obtain information
and analyse data from the IoT and obtains learning from this domain. In addition, the
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heterogeneity of objects in these networks creates a large heterogeneity of data. Then, due
to the quantity of devices that exist in the IoT, the IoT produces big data and/or has a fast
creation of content, deriving this in close relationships with Big Data. In addition, they
talked about the high noise in the data because of possible errors in the acquisition and
transmission of it. Exactly, this explanation matches at least the Volume, Velocity, Variety,
Veracity and Value ‘Vs’.

Lin et al. [112] express in their survey the importance and necessity of gathering,
analysing and visualising the medical big data that has appeared in recent years. They
focus on chronic diseases and health monitoring. In this case, this matches with the Volume,
Velocity and Visualisation ‘Vs’ at least.

Nti et al. [12] present a review of the applications and challenges of Machine Learning
in Big Data. In it, they explain the techniques that are used to analyse these huge amounts
of data in real time: 15% use Deep Neural Networks, 15% SVM, 14% ANN, 12% Decision
Trees, and 11% ensemble learning techniques. This case matches at least the Volume and
Velocity ‘Vs’. Manley et al. [113] review the use of Machine Learning and/or Big Data
in the ecosystem service field, using different algorithms to classify, apply regression,
and clustering.

Nguyen et al. [114] surveyed and remarked on the use of Big Data in the oil and gas
Industry 4.0. For instance, Big Data is important for managing and processing the data and
making decisions to mitigate risks. However, the adaption is slow due to different problems,
and the integrations with the existing systems according to have good cybersecurity. This
one match at least with the Volume, Velocity and Value ‘Vs’.

Rawat et al. [115] reviewed the evolution and use of Big Data in cybersecurity, where it
is used as a security tool to improve protection. For example, to combat hacking, malware,
social attacks, human errors, and advanced persistent threats. Sometimes, they used specific
tools or other more generals (Hadoop, Spark, Cassandra, MongoDB), different machine
learning or data mining techniques and algorithms or tools to visualise the information
using tools or graphs. Then, in this field, the ‘Vs’ that match are Volume, Velocity, Variety,
Value and Visualisation at least.

Ma et al. [116] propose the use of Big Data to create a sustainable digital twin in the
IoT and improve manufacturing in a smart way. Here, with Big Data, they can gather data,
make predictions, and mining in real time under complex conditions, saving energy and
reducing the cost of production. In this case, Volume, Velocity and Value are the matches in
the ‘Vs’, at least.

Jaber et al. [117] apply Big Data to predict climate factors according to information
about natural disasters. To achieve this, they must process and manage a huge volume of
data from different sources with interoperability problems. In addition, their tool helps
monitor catastrophes. In this case, the ‘Vs’ match at least with Volume, Velocity, Variety,
Value and Visualisation.

3. Literature Review

In this subsection, we explain the methodology used to find the articles that are
focused on the ‘Vs’ of Big Data, the articles found in the electronic database, and the results
and discussion about them.

3.1. Methodology

In addition, we have searched in three different web databases the most related articles
that explain, highlight, or are focused on the ‘Vs’ of Big Data. As databases, we have used:

• IEEE: IEEE Xplore (https://ieeexplore.ieee.org/Xplore/home.jsp, assessed on
29 November 2022).

• SD: ScienceDirect–Elsevier (http://www.elsevier.com, assessed on 29 November 2022).
• Wiley (https://onlinelibrary.wiley.com/, assessed on 29 November 2022).

To search for articles, we used the search term ‘Big Data AND “3V”’ OR ‘Big Data
AND “3 V”’, changing the number for the corresponding number of ‘V’ in all the databases.

https://ieeexplore.ieee.org/Xplore/home.jsp
http://www.elsevier.com
https://onlinelibrary.wiley.com/
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We use these terms because we would like to find all articles in which they are talking
about Big Data and the ‘Vs’. In addition, in this case, the ‘Vs’ can appear with the number
together or separated, such as ‘3V’ or ‘3 V’. We found between 3 and 9 ‘Vs’ because the
maximum number found was 9 ‘Vs’ in IEEExplorer.

The scope has been Title, Abstract and Keywords because innovations and the main
theme or important parts of articles are usually represented in some of these three parts.

The date was from the first appearance until 29 November 2022.
In these searches, we have excluded editorials, special issues, and articles that are not

related to Big Data or are about Big Data but do not specify the importance of the ‘Vs’ in
the title, Abstract or Keywords.

In this search, we found conferences, magazines, research articles (called journals in
IEEE), books, chapters, and review articles. The first is from 2013 in IEEExplore, 2016 in
ScienceDirect and 2017 in Wiley. The last one in each one is from 2022.

3.2. Articles by Database and Type

Next, we present the articles that were found in each of the databases and discuss how
many ‘Vs’ they use. In addition, we show the years of the articles, the number and type
of articles in that search (excluding exclusions), and the number of exclusions and their
reasons. Finally, we found a total of 105 articles, 87 from IEEExplorer, 12 from ScienceDirect,
and 6 from Wiley. Table 2 shows a summary of this information.

Table 2. Number of articles about Big Data and the ‘Vs’ in different databases.

Database\Vs 3Vs 4Vs 5Vs 6Vs 7Vs 8Vs 9Vs 10Vs Total

IEEE 31 29 21 1 3 1 0 1 87
SD 4 6 2 0 0 0 0 0 12

Wiley 3 1 1 1 0 0 0 0 6
Total 38 36 24 2 3 1 0 1 105

IEEExplore has 87 articles that match our criteria:

• 3V: 2013 to 2022: 27 Conferences, 3 Magazines, 1 Journal.

# 2 conferences have been removed because they are about other fields.

• 4V: 2014 to 2022: 25 Conferences, 1 Magazine, 1 Book, 2 Journals.

# 3 conferences have been removed because they are about other fields, and
1 more for being an editorial.

• 5V: 2014 to 2022: 18 Conferences, 3 Journals.

# 3 conferences, 2 journals, and 1 magazine have been removed because they are
about other fields.

• 6V: 2020: 1 Magazine.

# 1 conference talks about 10 ‘Vs’.

• 7V: 2014 to 2021: 3 Conferences.
• 8V: 2019: 1 Conference.

# 3 have been removed because they are about other fields.

• 9V: 0.
• 10V: 2021: 1 Conference.

# It has appeared in the 6 ‘Vs’ search.

In ScienceDirect, a total of 12 articles were found:

• 3V: 2018 to 2019: 3 Research articles, 1 Book chapter.
• 4V: 2016 to 2019: 1 Review article, 5 Research articles.
• 5V: 2016 to 2022: 1 Review article, 1 Research article.
• 6V, 7V, 8V, and 9V: 0.
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Wiley has 6 articles according to our criteria:

• 3V: 2017 to 2022: 2 Books, and 1 Journal.
• 4V: 2019: 1 Journal.

# 1 has been removed because it is about other fields.

• 5V: 2017: 1 Journal.

# 3 have been removed: 1 is about Big Data but not about the ‘Vs’, and 2 are
about other fields.

• 6V: 2022: 1 Book.

# 1 has been removed because it is about Big Data but not about the ‘Vs’.

• 7V: 0.

# 2 have been removed because they are Issues and not about Big Data.

• 8V: 0.

# 1 has been removed because they are Issues and not about Big Data.

• 9V: 0.

# 1 has been removed because it is about Big Data but not about the ‘Vs’.

The majority of all the articles have been published in conferences, with a total of 75 in
IEEExplorer. The other types of articles have been 5 Magazines in IEEExplorer, 20 articles
in journals among all the databases and without distinguishing between review articles or
research articles, and 4 books (1 in SD and 3 in Wiley). Table 3 shows this information in
more detail.

Table 3. Type of article in each database according to the Vs they use.

Type\Vs 3Vs 4Vs 5Vs 6Vs 7Vs 8Vs 9Vs 10Vs Total

IEEE
Conferences 27 25 18 3 1 1 75
Magazines 3 1 1 5

Articles 1 2 3 6
Books 1 1

SD
Articles 3 6 2 11
Books 1 1

Wiley
Articles 1 1 1 3
Books 2 1 3
Total 38 36 24 2 3 1 0 1 105

3.3. Results and Discussion

The difference between the data analysis that was traditionally done and the term Big
Data is that the latter must meet certain conditions that were not ‘so important’ before. Big
Data must comply with the ‘3Vs’ [1,107,118]. These ‘Vs’ are the volume and amount of data
to manage, the velocity of creation and use required to process this data and the variety of
different types of data sources. These ‘3Vs’ were first defined in [119], according to [8], or
even since 1997 according to [120].

There are many authors who have defended the ‘3Vs’ [108,109], however, sometimes
some authors point to the ‘4Vs’ because of the problems that explains [121,122], being
this the veracity of these data, while others advocate for the ’4Vs’, including in them the
value [2], and others by the same ‘4Vs’ but adding variability [102], although some authors
also speak of veracity [123]. On the other hand, other authors maintain that two extras
must be included in those of the first author, which is different from those who advocate
the ‘4Vs’ [105,124].
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One of the authors of the ’5Vs’ is [8], thus adding variability and value, while other
authors who speak of ‘5Vs’ add veracity and value [22,125,126].

Others speak of ‘6Vs’, leaving out variability [127], and naming the new one Visibility
without explaining it. Other authors add vulnerability instead of variability [128], which
is very important in our lives, but Big Data depends on the type of application and how
people share and use that data.

Later, several authors added a seventh V, that is, visualisation [129]. With 7 ‘Vs’ too,
Khan et al. [130] and Gupta et al. [131] propose the use of volume, velocity, variety, veracity,
value, validity and volatility. Respecting our proposal, validity is a part of veracity, and the
volatility of Khan is a part of variability. The volatility of Gupta depends on the problem; it
could be inside velocity because it has to be quickly stored and/or processed, or inside the
veracity if it can change and be invalid. Another case with 7 ‘Vs’ proposes the classic 3 ‘Vs’,
and adds variability, veracity, visualisation, and value [131].

Fatima et al. [132] introduce in their 8 ‘Vs’ two new ones: Viscosity, and virality.
According to our ‘Vs’, viscosity is inside the variety, and virality is discarded because it can
happen with just one tweet or video. However, it is true that sometimes virality can happen
with a large dataset of passwords, private data, or any other interesting thing for people.

Other authors add a new 6 ‘Vs’ (Vincularity, Validity, Value, Volatility, Valence, and
Vitality) to the classic 4 ‘Vs’ (Volume, Variety, Velocity, and Veracity), having a total of 10.
In this case, we propose 5 new ones because Value appears in other articles. However, they
just test the 4 ‘Vs’, postponing the explanations and testing of the new 6 ‘Vs’ for future
work. In our case, Validity is included in a subtype of Veracity, and according to other
articles and its meaning, Volatility would fit inside Variability.

However, as analysed in [133], some Vs are very little used by the authors, since the
volume is the most common in 39.64% of the articles they investigated and the variability
is only present in 1.8%.

Big Data has continued to evolve since the ’3Vs’ were first established and new features
have been added, which already existed but have not been necessary until more research
was done on Big Data. For the same reason, under the study of the different authors and
the current literature, and based on what Big Data needs, it arises the combination of them
that grants a total of ‘7Vs’ that allow defining both features and needs, and some of the
most important challenges of Big Data, as well as its subtypes. The latter case is that of
velocity, veracity, and variability, which have different subtypes.

Table 4 summaries the different ‘Vs’ found in the literature according to this study but
does not include all the found articles. A total of 16 ‘Vs’.

Table 4. Vs literature review.

Authors\Vs Volume Velocity Variety Veracity Variability Value Visibility Vulnerability Visualisation Validity Volatility Viscosity Virality Vincularity Valence Vitality

[1,107–109,
118,119] X X X

[123] X X X X
[2] X X X X

[102] X X X X
[8] X X X X X

[22,125,126] X X X
[127] X X X X X X
[128] X X X X X X

[129,134] X X X X X X X
[130,131] X X X X X X X

[128] X X X X X X X
[132] X X X X X X X X
[135] X X X X X X X X X X

4. Challenges According to the ‘7Vs’ of Big Data

In this section, we describe ‘7Vs’ that we have found and are the most used and more
related to general data used in Big Data, including an explanation and challenges that
exist according to them. Some of them have different subtypes according to the differences
detected in the literature and working with them. Some authors create a different V for
similar purposes, and here, we have mixed them into one due to the similarities.
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4.1. Volume

The volume or quantity of data is enormous and gigantic. This feature describes
exactly that: the large amount of data that is coming, the large amount that is working
daily ranging from gigabytes to exabytes and more. Storage capacity has been doubling
approximately every 3 years, yet in many fields this has been insufficient, as has been the
case in medical and financial data [99].

Initially, these data came from databases. However, after the ‘boom’ in improved
technologies, more sites are now taken into account, such as the Internet, smart objects and
sensors and actuators [136], applications, and even photos and videos, or the Internet of
Things (IoT) [93], or Online Social Networks. In addition, some researchers should deal
with datasets thousands of times larger than those generated only a decade ago, such as
satellite procedures, telescopes, high-performance instruments, sensor networks, particle
accelerators and supercomputers [137]. This also makes us human beings into walking
data generators [1], since we are the ones who continuously generate many of these data
with the use of mobile devices, among others.

Many companies currently try thousands of terabytes (1012) daily to obtain useful
information for their businesses and about their users. The amount of data is growing
because every day there is more information and more existing users, which implies, as
some already estimated, that it has exponential growth. It is estimated that there will be
500 times more data in 2020 than in 2011 [102].

As seen in Table 5, there is a lot of data and the way to analyse them is using Big Data
tools to manage this knowledge in real or almost real time. These data demonstrate the rise
of Big Data applications, where data collection has grown enormously and is beyond the
capacity of the software tools traditionally used to capture, manage and process these data
within a “tolerable time” [100].

Table 5. Big Data statistics.

Type Quantity Commentary/Year

Earth Satellites [7] 1 terabyte (1012) In 1 day in 1990
Websites indexed by Google [8] 1 million 1998
Websites indexed by Google [8] 1000 million 2000

Computing [138] 320 terabytes 2 h of human genome study in 2008
Websites indexed by Google [8] 1 trillion (1018) 2008

Astronomical or physical particle
experiment [137] 1 petabyte In 1 year in 2009

Facebook [15] 30 billions of content shared each month 2010
Photos per second on Facebook [139] 1 million 2010

Photos stored on Facebook [139] 260 billions = 20 petabytes 2010
Photos uploaded per week on

Facebook [139] 1 billion = 60 terabytes 2010

Bookstore of the United States of America
Congress [15] 235 terabytes of data collected April 2011

Hadron Collider at the discovery of the
Higgs Boson [97] 1 petabyte (1015) Per second in 2012

Human race [11] 2.5 quintillions (1030) of data bytes Every day in 2012
Walmart user information every day [1] 2.5 petabytes (1015) 2012

Multi-Media Messages (MMS) [140] 28,000 per second 2012

New data [1] 2.5 exabytes New data every day since 2012 and
doubling every 40 months

Electronic data [16] 1.2 zettabytes Every year in 2012
Twitter [141] 10,300,000 tweets in 1 h 30 m Presidential debate in 2012
GitHub [142] 550,000 repositories Q2 2012

Creators of social content [143] 600 million (106) 33% of Internet users in 2013
Other periodical publications [143] 10,000 Newspapers and others in 2013

Blogs [143] 70 million (106) 2013
Google queries per day [8] More than 1000 million 2013
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Table 5. Cont.

Type Quantity Commentary/Year

Tweets per day [8] +250 million 2013
Facebook updates per day [8] +800 million 2013

YouTube views per day [8] +4000 million 2013
Jet engine [2] 10 terabytes 30 min in 2013
Internet [143] 20 exabytes (1018) of information 2013

Internet [144] 40.7% of the population used it
in 2014 = 2.954 million 7,259,691,769 people in 2014

Web pages [143] 1.5 trillion (1012) 2013
Twitter [145] 310 million active monthly users 2013
Twitter [145] 500 million tweets per day August 2013
Tweets [143] 20 thousand million (109) 50 million of users/2013
Tweets [145] 143,199 per second 3 August 2013
GitHub [142] 1,300,000 repositories Q4 2013
GitHub [142] 2,200,000 repositories Q4 2014

Sequencing of human gene [103] 600 Gb 2014

Flickr [146] Almost 70 million public photos
uploaded monthly 2015

YouTube [147] More than 1000 million users (109) = 1/3
Internet users

2015

YouTube [147] +100 million hours of video views daily 2015
Hospital data [103] 167 Tb to 665 Tb 2015

Emails [148] 204 million In 1 min in 2016
Pandora: hours of music heard [148] 61,000 h In 1 min in 2016

Flickr [148] 3 million uploads In 1 min in 2016
Flickr [148] 20 million photos viewed In 1 min in 2016

Google [148] 2 million searches In 1 min in 2016
Google Photos [149] 200 million users In its first year in 2016
Google Photos [149] 1.6 billion (109) In its first year in 2016
Google Photos [149] 2 trillion (1018) tags In its first year in 2016
Google Photos [149] 24 billion (109) selfies In its first year in 2016

Facebook [150] 1650 million (106) users 31 March 2016
Annual Internet traffic [151] 1 zettabyte (1018) 2016

Facebook [133] +500 terabytes of data per day 2017
GitHub [152] 100,000,000 repositories 2018
ELMo [153] 94 million of parameters 2018
BERT-Large 340 million of parameters 2018
GPT [154] 110 million of parameters 2018

GPT-2 [153] 1.5 billion of parameters 2019
Megatron-LM [153] 8.3 billion of parameters 2019

T5 [153] 11 billion of parameters 2019
Annual Internet traffic [151] 2.3 zettabytes (1018) 2020

Square Kilometre Array [155] 524 terabytes per second (estimated) Will be produced in 2020
(postponed to 2027)

Turing-NLG [153] 17.2 billion of parameters 2020
GTP-3 [153] 175 billion of parameters 2020

Daily generated data [12] 56 zettabytes 16 December 2020
Megatron-Turing [153] 15 datasets of a total of 339 billion tokens 2021
Megatron-Turing [153] 530 billion of parameters 2021

Daily generated data [12] Estimated 149 zettabytes 2024

Often this knowledge must be efficient as it needs to be real time due to problems with
the space to store it [100]. An example of this is the Square Kilometre Array (SKA) radio
telescope [155], which will become the largest radio telescope in the world and aims to
discover the beginning and end of the universe. Researchers estimate that SKA will produce
approximately 4.1 pebibits (250) per second or 562 terabytes (1012) per second. As can be
seen, there will be a future with even more data, with huge amounts to analyse. Some
estimates indicate that the amount of new information will double every three years [18].
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Another example of the amount of data generated occurred on 4 October 2012, when
the presidential debate between the President of the United States of America, Barack
Obama, and Governor Mitt Romney had Twitter users post more than ten million tweets in
an hour and a half [141]. Studying this Twitter data about the US presidency debate [141], it
can be observed that people tweeted more when talking about the health insurance of older
people. Thus, based on this, it can be determined what mattered to people at that time.

Flickr, a social network of photos, is also widely used in investigations because of the
information that can be obtained from its images. About 70 million new public photos are
currently uploaded monthly [146]. Thus, thanks to the analysis of these photos, they could
be used to study human society, social events or even disasters [100].

On the other hand, the scientific advisor to the President of the United States of Amer-
ica, John Paul Holdren, said in 2011 that Big Data was an important issue because every
year about 1.2 zettabytes (1021) of electronic data are created. The equivalent in terabytes
is 1,200,000,000, ranging from scientific experiments to telescope data and tweets [16].
This is certified by other estimates made in 2012 [1], where they predicted the creation of
2.5 exabytes (1018) each day, equivalent to 2,500,000 terabytes, but that this creation capacity
would double every 40 months, approximately. Thus, this prediction is quite similar to that
made by John Paul Holdren.

However, this amount of data is not currently being created because, years ago, there
were already certain applications that generated large amounts of data. In 1990, satellites
orbiting Earth generated one terabyte (1015) of information per day. This meant that if
a photo were taken every second and a person was asked to analyse all these photos,
assuming he worked at night and on weekends, it would take him many years to analyse
all the photos of a day [7]. This is useful to emphasise that now, 26 years later and with
improved technologies, both hardware and software, we can make faster and automatic
analysis, also on images with better resolution and more data.

Another relevant project, both in terms of importance and data size, is the project ‘The
Genome 1000 Project’, which deals with the human genome. In this project, two hours of
Solexa execution created 320 terabytes of information. This made it impossible to save and
compute in 2008 [138].

In relation to this evolution, it can be seen the prediction of Eron Kelly, who predicted
that in the next five years, we will generate more data than all those generated by humanity
in the last 5000 years [101]. Meanwhile, the NIST expects data generation to double every
two years, reaching 40,000 exabytes by 2020, of which one-third is expected to be useful if
analysed. This is something that highlights the evolution of the data humans generate and
its exponential growth throughout history, as well as what is expected to happen.

To handle all this information, some years ago the different systems have started to
be migrated to the Cloud and perform what is known as Cloud Computing, whether in
a private, public or hybrid system. This resulted in a saving of money and a new way of
processing data, which facilitated the use of Big Data in companies thanks to the different
technologies provided by companies and the scaling of these tools [103].

However, it should be kept in mind that not always because of having larger datasets
will one get better predictions; this can be classified as arrogance, because Big Data is not
the substitute for data collection and Data Mining [156]. Therefore, despite having these
large sets, one should not forget the basic techniques of measurement and construction of
reliable and valid data and the dependencies between these data [157].

4.2. Velocity: Reading and Processing

Velocity describes how fast data is processed, because in Big Data, the creation of this
data is continuous; it never ceases. On the Internet, whether through an Online Social
Network such as Twitter, or on Facebook, or by different services such as blogs or video
services, there are people at all times writing information, uploading a video, sending
emails or accessing web pages. This happens all the time, thousands of datasets every
minute. This makes for a great velocity of content creation or reading.
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The vast majority of these services require data from their users, how they use their
service or their preferences in order to adapt their content or ads to their users. This creates
a great need for data processing velocity. This velocity can be of four types: batch or
interval, near time or nearly time, which is almost real time, real-time, and streaming.

As can be seen, this “V” has two types of velocities, the one of reading or content
creation and the one of processing, which can be independent or dependent, according to
the requirements of the application.

In addition, there are applications that need more processing velocity than data volume
and thus allow a company to be much more agile than its competitors by offering real-time
or near-real-time applications [1,102]. It is important, at this point, to bear in mind that this
does not refer to bandwidth or protocol issues, but to the velocity of content creation and
the manageability of these, which is divided into their storage, analysis and visualisation,
hoping that with the use of Big Data this time will be minimum [102,119].

An example of this “V” is the competition that took place at the SC08 International
Conference for High Performance Computing congress in 2008 [158]. Participants had to
consult with the Sloan Digital Sky Survey (SDSS). The SDSS is a space research project in
which three-dimensional images of space are taken in order to map it [159]. The winner
took 12 min to make a query in a parallel cluster, while the same query without using
parallelism took 13 days [137]. This highlights the importance of processing velocity when
computing large amounts of data.

4.3. Variety

Variety describes the organisation of data, whether structured, semi-structured, un-
structured or mixed. Currently, there are countless possible sources of data given by the
wide variety of existing sources for collecting them, being in many cases unstructured,
difficult to handle and very noisy data [1]. We are talking about millions of sensors around
the world, tens of social networks in which millions of messages are published daily and
hundreds of different formats ranging from plain text to images.

There are websites where users write their opinions: Twitter, Facebook, LinkedIn,
Instagram, YouTube, Tumblr, Flickr and other social networks, which are considered the
most valuable resources [17]. Another very important variety of data is that offered by
different governments when they provide different open data, as these data are offered in
different formats such as Excel, CSV, Word, PDF, JSON, RDF-N3, RDF-Turtle, RDF-XML,
XML, XHTML, plain text, HTML, RSS, KML and GeoRSS. Other types of data that are
interesting are videos, in different formats such as FLV, WMV, AVI, MKV or MOV, which
are also often accompanied by comments; in this case, we find services such as YouTube
and Vimeo, among others. A similar case is that of audio services or radios, which have
different formats, such as MP3, OGG, FLAC, MIDI or WAV.

The latest technologies, such as different mobile devices, televisions, cars, tablets,
smartphones or any other Smart Object [136], offer many data through the different means
they have, either through their sensors or their GPS systems. Mentioning sensors, they are
all available in the market and they are opening up more and more thanks to their ease of
use through an Arduino or a Raspberry Pi. To this must be added other IoT-supporting
devices [8], which are one of the cornerstones as a source of information, both structured
and semi-structured or unstructured, from Big Data [103].

It should not be forgotten other very important data to measure and used to watch
user interaction, such as mouse clicks, keystrokes, page scrolling, reading time in an article,
shared content, or interactions with content, as many social networks do, such as Facebook,
Twitter, and Weibo. All this is often accompanied by photos, which further expand the
multitude of formats and treatments with JPG, PNG, TIFF, or BMP.

Moreover, it is sometimes necessary to deal with legacy data in different databases,
whether SQL or NoSQL, documents, emails, telephone conversations or scanned docu-
ments [106]. Other times, it may be information from web pages that are in HTML or
well-structured XMLs or PDFs that do not have a structured way of displaying data. At



Big Data Cogn. Comput. 2022, 6, 158 21 of 29

other times, there are different data groups of different types in compressed files in RAR,
RAR4, ZIP, 7Z, or TAR, which must first be tried to decompress and analyse its contents.

As can be seen, there are many formats, and here there are only a few examples of the
most used ones. Each of these files also needs special treatment, even if they are of the same
type. For example, in the case of images, not all formats have the same properties and small
differences. In addition, every year, we have new devices or services that provide new
useful data or the same data, but in other formats, or modifying how that information was
shown, which implies modifying certain parts of the data-reading software. It must also
be borne in mind that, in addition to the formats, all this also depends on the application,
since it is not the same to analyse telescope or satellite images as social images or to analyse
user data with time data.

Thus, this heterogeneity of data, incompatible formats and inconsistent data is one
of the greatest barriers to effective data management [119]. In addition, these data are
constantly changing and new systems are being added that either require or modify the
way in which existing information is provided to the end user, contrary to the way it was
done in the past, where there was only one structured database with a well-defined and
slowly changing schema [2]. Some authors call it viscosity due to the fact that we have to
use data from different sources, and sometimes it requires a transformation to use it [132].
This one is another of the problems; not every data we need has the same structure or
format file if we require it for different sources, such as different governments, enterprises
or portals. Then, we have to create different parsers and translate all the information into
one common format. Other times, some of this information can be in a hard format to use,
such as PDF or HTML, and the transformation is required to work easier with it.

4.4. Veracity: Origin, Veracity and Validity

Veracity is given because not everything that exists is true and false or erroneous data
may be being collected. Therefore, when working, one should be careful with data sources
and check that they are true data, thus trying to obtain accurate and complete information.
This, in turn, can be divided into three sub-sections, namely, origin, veracity and validity.

Data origin is important to maintain quality, protect security and maintain privacy
policies. It should be borne in mind that the data in Big Data move from the individual
limits to those of groups or communities of interest and that these range from a regional or
national limit to the international one. For this reason, the source helps to know where these
data come from and what their original source is, for instance, by using metadata. This is
very important because, knowing its origin, you can maintain the privacy of this data and
thus be able to make some important decisions, such as the right to be forgotten. Other
data to be inserted could be supply chain-related, such as calibration, errors, or missing
data (timestamps, location, equipment serial number, transaction number, and authority).

Veracity includes the guarantee of the information of the means used to collect the
information. A clear example is if sensors were used, which should include traceability,
calibration, version, sampling time and device configuration. The reason for this can be a
malfunctioned or uncalibrated device [122]. On the other hand, Online Social Networks
give to us the opinion of the users, but maybe we cannot trust it [130].

Another example of a lack of or problems with veracity is the one mentioned in [160].
In this article, it is mentioned that, as a preliminary study to verify a certain assumption in
2006, the author used Google Trends to find out if the president who had been elected to the
Real Madrid Football Club was the president with most queries on Google search engines.
As the author points out, the surname of this president was Calderón. The problem, as he
stated, is that on the same day, a president with the same surname was elected in Mexico.
Thus, the problem was that Google Trends did not differentiate what Calderón was meant
by each query; thus, it merged them. In other words, there was a lack of complementary
data, a lack of veracity.

Validity refers to the accuracy and precision of the data, or rather the quality of the
data. Examples can be given if, in continuous and discreet data on the gender of people
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and being male = 1 and female = 2, a 1.5 is received because this does not mean a new
gender, but an error. Another type of error is the fraud of clicks on pages, clicks made by
robots, hidden ads, etc.

An example of veracity is what the author of this article commented [121]; in it, he
gave an example of several problems that had occurred in the United States of America.
The first one is that politicians always like to talk about more data, but ultimately these
are never among their priorities, as this has to compete with other things that offer a
more immediate impact, which makes the money insufficient to keep the data accessible
and digestible. The second problem is that data are institutionalised when they should
be isolated from politicians, for example, with the alleged creation of the Environmental
Statistics Agency (BES), which, in addition to collecting data, would analyse them. The
third and final problem arises when chemical companies refuse to present their pollution
data based on else; they reveal much useful data for their competitors. As stated in the
article by David Goldton, it can be deduced that these data may not be easily accessible,
outdated, incorrect, biased, or difficult to understand.

Another example, although some add it as part of the Variety and noise type, is the
case of the Fukushima nuclear power plant, when people began to write about it and to
share data from poorly calibrated sensors and/or that were not exactly in the said area [133].
In this case, it is a problem of Veracity due to the origin because of the lack of calibration
and error, of veracity for being incorrect data and of validity for not being precise.

Clearly, if a large dataset is available, for instance, to see a tendency and there are few
“bad” data, these will be lost and automatically ignored, thanks to the fact that they will be
hidden among “good” data. However, if it is something casual, maybe this “bad” data can
spoil the experiment, which makes the veracity of these data extremely important [102].

4.5. Variability: Structure, Time Access and Format

Variability is due to changes that the data have over time.
Maybe the data structure and how users want to interpret that data can change with

time, modifying its structure, which would modify the way of parsing the data tree, perhaps
by modifying the model in XML.

Other times, the time to access this data is different because they take more time to
create the data or to update it, not always updating the information constantly. For instance,
they do not update the information of that file more than once, as happens with some files
from some Open Data portals. Another example is when they can delete the data, such as
some companies or governments, when they are not obliged to keep the data for more than
one year [130].

Another possible problem is when they change the format in which they are offered
by migrating from one format, such as XML, to another, such as JSON, or the composition
of these, adding or removing internal elements of their structure.

Because of these problems, one has to be aware of these changes whenever one wants
to update them, but the original data should also be kept unchanged, that is, to know how
data were changing over time. This has the drawback of data redundancy and the necessary
storage space. In addition, of course, the necessary system for monitoring changes and
comparing them with existing data already stored in our system.

This point is very important because, having tools that process this data, it will be
necessary to adapt them over time, as well as they should be able to detect new changes in
the file; thus, a human being makes decisions about those changes: to add them, modify
the programme, to avoid them, etc. Or maybe we have to change the source of data if they
stop updating it or just delete it.

4.6. Value

The value of the data lies in what they can bring to the company and whether they
can provide an advantage, as they help to make decisions based on questions that can now
be answered thanks to the analysis of this data or in the discovery of trends. However, this
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value is variable because it depends on the data available, the hidden information they
contain and whether it is found and extracted. Therefore, the challenge is to identify this
value and extract it to perform an analysis of the data provided to us and to find this value.
According to the survey analysed in [3], which corresponds to that carried out by MIT and
IBM to 3000 executives, analysts and managers of more than 30 companies in 100 countries,
one in five said they were concerned about data quality or ineffectiveness of government
data as a major concern.

Thus, if these data with which one works have no value or have insufficient value
for the company, project, or research, they will create a monetary loss because of storage,
processing and human resources, as well as time. This is why, probably, it is the most
important V, according to [130].

4.7. Visualisation

This V focuses on representing the data obtained in something that is readable, accord-
ing to [133]. When dealing with so much data, many companies have had to hire people
who are dedicated only to these visualisations; thus, they offer added and visual value to
their employees. In addition, they created new tools for viewing these that worked in a
correct and fast way. Moreover, due to the large size of the data to work, and sometimes
at velocity, it becomes very difficult to create visualisation because the current tools have
poor performance in terms of functions, scalability, and response time [8,22,99]. This is
especially complicated when making real-time applications. Other times, with so much
data available, the visualisation can happen to be difficult to understand.

An example of visualisation is the creation of Hive by Facebook [161], although now it
is the one from the Apache Foundation, and it allows SQL-style queries to be performed
using a command line. On the other hand, we have Hue [162] that offers a graphical
interface that gives Hive support as well as to other tools of the Hadoop ecosystem, in
addition to providing graphics, monitoring and management.

Another case is that of eBay, where its employees can see the relevant data of users of
the platform and thus be able to perform sentiment analysis on this data [133].

Then, we see that this V is important because it represents the challenges of visualising
useful information for a user or company in a clear and fast way that allows the visualisation
or decision making of the processed data.

5. Conclusions and Future Work

In this article, we have introduced the importance of Big Data from different points
of view and studied the literature to show the differences and similarities between Data
Mining, KDD and Big Data, given a better perspective about what Big Data is and is not,
and their properties and challenges.

First, we have discussed the differences between Data Analysis, Data Mining, Knowl-
edge Discovery in Databases, and Big Data. With this discussion, we have researched in
the literature the use, meaning, definitions and novel applications of each one to show the
purpose of them and avoid misunderstandings in the literature. According to this study,
Data Analysis and Data Mining are different things. Moreover, Data Mining can be used
as the main part of KDD. Regarding KDD, in this survey, we studied the phases of KDD
and improved the information of the 8-phase method. On the other hand, Big Data can be
used to improve and do these three processes because of the tools and methodologies it
provides, showing the challenges that affect some current applications.

Second, we have reviewed the literature about the ‘Vs’ in three electronic databases.
This literature review shows that the most used database to describe or discuss the charac-
teristics or explain articles that are focused on them is IEEExplore, usually in conferences.
In addition, they have proposed a total of 16 different ‘Vs’ but some of them can be merged
and others are not explained. According to this study’s challenges, we detected a total of
7Vs and their subproperties: volume, velocity (lecture and processing), variety, veracity
(origin, veracity, and validity), variability (structure, time access, and format), value and
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visualisation. These 7Vs are properties of Big Data, but they are challenges too that people
who work with Big Data and/or research in Big Data have to know and take into account,
as we show in the Big Data Applications section.

In this survey, we reviewed relevant articles about these technologies along history
and some novel applications. From this point, more surveys and Systematic Literature
Review (SLR) can be useful. For instance, about the use of the different terms along history
to know if they are mixed in some specific case, the type of applications in Big Data that
use Data Mining or KDD and the most used algorithms in them. According to the 7Vs, a
possible future work would be an SLR about other challenges, including security, ethics,
privacy, standards, energy consumption, architectures, abstraction and used algorithms
and patterns. Moreover, an SLR about the Big Data application and the ‘Vs’ used in them
based on this survey will be useful to better detect the most relevant ones and the reasons
why, and an SLR about the different phases and uses of KDD too.
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